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Abstract 
Emotions play an important role in daily human life, hence the need to recognize feelings for improving human and computer 

communication has increased. Recognition EEG signal, considering the internal emotion of people compared to other methods, 

is very important. One of the modern methods of emotion detection is the use of electroencephalography signals (EEG). Using 

signal processing techniques and characteristic learning methods, the patterns obtained by registered signals are examined. A 

new method for improving emotion recognition is presented in this paper. This paper explores the impact of emotion recognition 

accuracy of EEG signals on different frequency bands and different numbers of channels and extracts the pattern recognition 

of signals. The proposed method uses brain alpha waves, and extraction and characterization of characteristics based on received 

signals and attempts to improve emotion recognition. Signals are classified using DT decision tree classification after recording, 

processing and extraction of the property by the two methods of PCA and PSD with. The proposed algorithm has been recorded 

on 10 people watching 2 videos, 4 happy images and 4 sad images. The results obtained from the 6 electrodes provide an 

acceptable improvement percentage. Given a decrease in the number of electrodes and a reduction in processes, an 88.73% 

improvement is shown in the recognition of emotions of happiness and 86.31% improvement in detecting emotions of sadness. 
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1.Introduction 

The role of emotion in the everyday life of man is 

undeniable. Emotion is a universal issue; even dim and 

vague levels of it can be observed among the least 

emotional individual. It's almost impossible for someone to 

be healthy mentally and physically and not feel different 

and intermittent emotions. The decisions we make in the 

event of any emotional state affect our daily lives. For 

example, a person's emotional state while driving can have 

a direct impact on his reactions when facing a danger. The 

topic of emotion has been a favorite topic for philosophers 

over the centuries. They have presented a variety of 

different theories, the most recent of which is Damascus’s. 

Damascus was able to define and present a new concept of 

"emotions" and "excitements" [1]. According to the 

definition of this scientist, excitement is the natural 

responses of the body to external events, and emotions are 

 formed in the human brain only after the body has reacted.  

In the case of emotion, the functions of the brain 

hemispheres are different [2]. When you feel happy the left 

hemisphere of the brain is more active and when you feel 

sad the right hemisphere of your brain becomes more 

active. And in both cases, the occipital lobe and frontal lobe 

are involved. The emotions include six basic feelings of 

happiness, sadness, anger, fear, hatred and surprise [3]. 

which are introduced by Ekman [4] and divided into a two-

dimensional page. These emotions are located on a two-

dimensional model based on " Arousal level (high / low)" 

and " Valence (positive / negative)". The two-dimensional 

model is shown in Fig 1. 
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Fig 1: Arousal / Valence Two-dimensional emotion model 

 

• cerebral cortex  

The cerebral cortex is responsible for many high-level 

functions such as problem solving, language perception, 

and processing complex visual information. The cerebral 

cortex can be divided into different areas that are 

responsible for different functions. These areas are 

described in Table1. 

This layer is made up of brain nerve cells. Its thickness 

varies in different areas of the brain but is 2 to 4 mm thick 

almost everywhere. Cellular, the cerebral cortex is made up 

of 6 layers, on top of each other. However, the thickness of 

each layer varies in different areas of the cortex, and in 

some areas of the brain, some of these layers may not be 

present. The cerebral cortex is responsible for all voluntary 

human behaviors. Human cognitive behaviors also 

originate from this organ. 
Table 1: Cortical areas and their function 

Cortical area function 

Auditory Association 

Area 

Complex processing of 

auditory information 

Auditory Cortex 
Detection of sound 

quality (loudness, tone) 

Broca's Area 
Speech production and 

articulation 

Prefrontal Cortex 

Problem Solving, 

Emotion, Complex 

Thought 

Motor Association 

Cortex 

Coordination of complex 

movement 

Primary Motor Cortex 
Initiation of voluntary 

movement 

Primary Somatosensory 

Cortex 

Receives tactile 

information from the 

body 

Sensory Association 

Area 

Processing of 

multisensory information 

Visual Association Area 
Complex processing of 

visual information 

Wernicke's Area 
Language 

comprehension 

 

 Detection of brain signals 

In 1875, the English surgeon Richard Cotton discovered 

the existence of electrical potentials in the surface of the 

cortex in animals such as rabbits and monkeys. He also 

reported that when light is emitted into the animal's eye, 

there are changes in the potential of the opposite brain half. 

Similar research were conducted in Russia and Finland 

during the same years [5]. But German physician and 

psychologist Hans Berger was the first to record human 

brain signals. After learning about the results of Cotton's 

research on animals, he focused his research on humans. 

Over the next few years, Berger continued to record more 

to make sure that what was being recorded was not due to 

harmonics produced by the bloodstream or to the scalp. 

Until finally in 1929, he wrote [6]: 

"EEG is a curve with continuous oscillation that can detect 

the existence of type I waves with an average period of 90 

ms and type II waves with a smaller amplitude and an 

average period of 35 ms. Oscillations with a maximum 

range of 150-200 microvolts have been measured." 

2.Related work 
Today, the study of emotions in interaction with computers 

and humans has increased. Many methods have been used 

to identify emotions, and one of those proposed methods is 

using brain signals. Using EEG, we can achieve more 

acceptable results. In recent years, researchers have begun 

to use EEG signals to recognize emotions more and more, 

because they are reliable. The EEG signal inherently has a 

non-static nature [7]. As EEG data are high-dimensional 

and complex, this also calls for large data sets to train 

feature learning method for EEG analysis and classification 

[8]. However, feature learning outcomes and classification 

are often not good enough.  

Rafael Ramirez et al, 2012 [9] used the two techniques of 

LDA feature learning and SVM classification, attempted to 

detect emotional based on EEG signals obtained after 

watching four happy and sad images. In this method, the 

classification accuracy for the feelings of happiness and 

sadness is 83.33% and 86.35%, respectively. 

Lee Zunk et al., In 2015 [10], used a deep feature learning 

method based on the DBN method to find out more about 

the extraction of emotional features based on traditional Q 

& A models. Jin Ping Lee et al. in 2017 [11] suggested 

KNN and HCNN combination model for three positive, 

negative, and neutral emotional states. By obtaining the 

stimulated points of the brain and classifying these points 

based on the feelings introduced with the SVM classifier, 

reached 75.21% to improve emotional recognition in three 

general conditions. 

Yang Pin Lin et al in 2010 [12] used machine learning 

algorithms to dynamically categorize the EEG signals 

while listening to music to obtain the emotional state. for 

the classification of the four emotional states of happiness, 

sadness, anger and pleasure, by studying 30 independent 
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subject matter and using SVM, the average classification 

accuracy was 82.29%.  

The purpose of this study is to find the proper relationship 

between EEG signals and emotions based on the feature 

learning methods and using decision tree classifier to 

obtain the accuracy of the more appropriate classification. 

Figure 2 shows the different steps of our approach. Section 

2 presents the methodology for this research. In Section 3, 

we describe the data collection process, and in Section 4 

we will provide more results and in Section 5 further 

research. 

 

 

Fig 2: Flowchart of Steps to record and extract emotional state 

3.methodology 
A.brain frequency: Brain waves have different types and 

functions and are divided into different types in terms of 

frequency. All these waves exist at all times, but under 

different conditions, a certain wave overwhelms other 

waves [13]. Different brain waves and their frequency are 

Delta wave (0.5-3 Hz), Theta wave (4-7 Hz), Alpha wave 

(8-12 Hz), Beta wave (30-30 Hz), and Gamma wave (31-

50 Hz).”  

 
 

Fig 3: Brain Wave Model 

 

According to the experiments performed in this section, the 

best frequency is considered to find the emotions of alpha 

waves. 

B. Electrode location: The international 20-10 system is a 

well-known international method for describing and 

applying the position of scalp electrode in the field of 

EEG studies. This is a standard way to ensure that the 

results of thematic studies can be collected, replicated and 

effectively analyzed and compared scientifically with 

other methods [14]. This system is based on the 

relationship between the location of the electrode and the 

underlying area of the brain [15], especially the cerebral 

cortex. The position of the electrodes in the 20-10 system 

is shown in Fig 4. 

 

 
Fig 4: Position of electrodes in 20-10 system 

 

In this research, three pairs of electrodes were used for 

recording signals. The location of the electrodes were the 

standard locations of Fp1 Fp2, T7 T8 and O1 O2 in the 

EEG signals recording 20-10 system. 

After examining brain function, explaining learning and the 

role of emotions in human life, we look for a better way to 

identify and classify emotions based on brain signals. 

According to previous work, we know that we have 

difficulty in classifying emotions, and the number of used 

electrodes varies from 14 to 32. In this paper, we increase 

the processing speed by reducing the number of electrodes 

and processing times, by changing the classification 

method and using feature learning methods. 

 

 

 
Fig 5: processing in emotion 

 

 

In research related to emotion in brain signals, the five 

brain waves are examined in all five states. By examining 

all 5 brain waves, more time and processing is needed to 

Preparation of Signal Recording 
Conditions

EEG signal recording

Signal pre-processing

Feature extraction

Classification

The regarding emotional state
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get the answer and classification for the desired signal. In 

this research, we have achieved better results only by using 

alpha waves and processing on this wave. In addition, we 

have shortened the processing and execution time. As a 

result, in this section, the best frequency for finding the 

emotions of alpha waves is considered. Stimulants will be 

used to record signals to receive an appropriate response in 

signal feedback. 

In this article, images and videos collected by other people 

were used to examine the feelings of joy and sadness, and 

those people did not participate in the main experiment. By 

receiving the signals in each section, and recording them 

using the EEGLAB toolbox, preprocessing and noise 

removal mentioned in the above steps have been applied to 

the signals. The final signals obtained by PCA and PSD are 

processed to select the desired features in each signal. 

Significant categories of feelings of happiness and sadness 

were obtained using the DT classifier. Each category of 

information included 70% for Training and 30% for Test. 

So that the data is well reviewed and classified at different 

stages, and the accuracy obtained is acceptable. 

C. Preprocessing: The first step in data processing is noise 

elimination. Noises occur for various reasons, such as 

shaking or blinking. To remove noise, this high-pass filter 

with one Hz cut [16]. Urban electricity also has noise 

generated on signals, and using the Notch filter, which is 

50 Hz, the noise generated is eliminated from the signal 

[17]. Noise data are like domains with a sudden increase in 

the range, which can be clearly seen. This part of the data 

is removed from all selected channels. Due to the position 

of the electrodes on the forehead, blinking creates a noise 

and using the EOG filter, blinking noises are eliminated. 

To better detect signals before processing, wavelet is used 

to resolve resolution problems in the time-frequency 

domain conversion [18]. A continuous wavelet 

transformation is a transformation that takes a continuous 

function in time into time-frequency space. The bases of 

the new space are wavelet functions. In mathematics, the 

continuous wavelet transformation for a function x (t) 

whose square is integrable, on the scale of a> 0 and the 

place b∈R is defined as: 

xω(a. b) =  
1

√𝑎
∫ 𝑥(𝑡)𝜓∗∞

−∞
(

𝑡−𝑏

𝑎
) ⅆ𝑡 

where function Ψ (t) is a continuous function in time and 

frequency, known as the mother wavelet. wavelet provides 

better results and is used for analyzing time serial data. 

 

D .Algorithms: In this paper, in order to use more important 

features, after removing the noise and using the violin 

functions, two known methods of PSD and PCA were used 

to extract the features. To classify the emotional state after 

obtaining appropriate features, the decision tree is used to 

evaluate the classification. 

D. Analysis of the main components: PCA is a statistical 

method that has many applications. Among these 

applications are reduced dimensions, face recognition, and 

finding suitable patterns. This algorithm is very popular in 

the processing of data collected for signal processing. The 

analysis of the main components in the mathematical 

definition is an orthogonal linear transformation that takes 

the data to a new coordinate system, so that the largest 

variance is placed on the second coordinate axis and it is 

similarly done for the rest of the models. For the data 

matrix XT with the zero experimental mean, in which 

each row is a set of observations, and each column of the 

data is related to an index, the principal component 

analysis is defined as follows:  

 

 

𝑌𝑇 =  𝑋𝑇𝑊 = 𝑉𝛴𝑊𝑇 
 

 

The 𝑉𝛴𝑊𝑇analyzes single values is the XT matrix. Based 

on the definition of main component analysis, the purpose 

of this analysis is to transfer the data set X with dimensions 

M to the data set Y with dimensions L. Therefore, it is 

assumed that the matrix X consists of vectors 

X1 … Xneach of which is put in a column in the matrix. 

Therefore, according to the dimensions of the vectors (M), 

the matrix of the data is M × N. EEG signals are calculated 

as a feature Herbond using PSD after feature extraction by 

PCA, and the signals are normalized using the formula (3): 

𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒(𝑋𝑖) =
𝑥𝑖−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
 

Classification: At this stage, the appropriate classification 

algorithm is used to improve the accuracy of emotion 

recognition according to the input feature vector derived 

from the extracted feature obtained from the combination 

of PCA and PSD methods. The proposed algorithm of this 

paper is for categorization of the decision tree (DT) 

algorithm. The achieved superior features are delivered to 

the DT Classifier. Among decision support tools, decision 

tree and decision diagrams have the following advantages: 

1. Simple understanding: Every person with little study and 

training can learn how to work with the decision tree. 

2. Working with large and complex data: while being 

sample, the decision tree can easily work with complex 

data and decide on them. 

3. Easy reuse: If the decision tree is made for a problem, 

different instances of that problem can be calculated with 

the same decision tree. 

4- Ability to combine with other methods: The decision 

tree can be combined with other decision-making 

techniques and obtain better results. 

We examined the signals after the feature extraction in 

EEGLAB. In Figure 6, five to ten seconds of signal 

recording are separated by six electrodes in this EEGLAB 

toolbox. According to this figure, in these five seconds, 

after the event and seeing the stimulus, the brain has 

responded, and in the recorded signals, according to the 

position of the signal and the response time of the brain, the 

signal changes indicate the response to the stimulus. 

 

 

(1) 

(2) 

(3) 
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Fig6: Five to ten seconds of signal recording by six electrodes in 

this EEGLAB toolbox 

 

4.Experiment and Experiment results 
In this experiment, to obtain state of emotional happiness 

and sadness, used labeled image and video. From all these 

experiments, a result has been used to obtain the desired 

emotional state. In this experiment, two emotional states of 

happiness with a positive amount of pleasure and a high 

excitement, and a feeling of sadness with a negative 

amount of pleasure and low excitement are examined. In 

these two modes, four images and a video are used to 

stimulate emotions. For labeling each video, at first 20 

images and 5 videos of 3-minutes long were considered for 

each feeling. Images and videos were displayed for 10 

people aged from 19 to 35 years old. Then each movie and 

image were given a score of 1 to 5 using a questionnaire. 

Four images and one movie based on high scores were 

selected as stimuli for each of the emotions of happiness 

and sadness.  

People who were tested for labeling were not included in 

the signal recording test. To test the signaling, 10 people 

aged from 20 to 35 years (6 men and 4 women), all in 

healthy mental and physical conditions were selected and 

for all subjects, identical laboratory environments were 

used. Individuals are placed in the room for 5 minutes 

before starting the experiment to get used to the BCI hat 

and the environment. Then the individual announces his 

readiness, the sad film is first played then an empty screen 

is displayed for 5 seconds, and then the sadly labeled 

pictures are played, each for 10 seconds and with the 

intervals of 2 seconds. For one minute nothing is played, 

and again in the same way happiness labeled pictures and 

videos are played. 

We examined the signals obtained after preprocessing and 

processing using the DT classifier in the Toolbox EEG lab. 

According to the images obtained in Fig 7, the mean 

topography of emotions of joy and sadness is involved in 

the posterior and frontal brain. Based on this study, using 

three pairs of electrodes at the O1 O2-T7 T8-Fp1 Fp2 

points, we have achieved a better result.  

 

 

 

 
Fig 7: Stimulation of occipital lobe and frontal lobe during 

emotion detection 

 

 

The signals obtained were first pre-processed and noise-

removed, and the necessary pre-processing was performed 

on them using the violet function and EEGLAB toolbox. 

Pre- processed data, using PCA feature methods, showed a 

dimensional reduction of 14 features before PCA 

application, and 11 features after application of this 

method. They were then converted to a time-frequency 

function using PSD to be processed in this area. We show 

in fig 8. 

 

 
 

Fig8: Signal recorded graphically 

 

 

According to the results obtained in the display of signals, 

we see the conflict of the back and front parts of the brain 

in each of the emotions. Figure 9. Part A shows the 

functions and topography of feeling happiness, and Part B 

shows the functions and topography of feeling sadness. In 

both spectra, blue and red indicate more activity in the 

bolder parts. 
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Fig 9: (a) The topographic functions of happiness 

 
 

Fig 9: (b) The topographic functions of sadness 

 

 

In this experiment, by more accurately identifying the 

signals of happiness and sadness in each person, we 

achieved a higher improvement than SVM classifier. By 

reducing the number of electrodes and thus reducing the 

processing carried out in each step, in addition to better 

identification of each signal, the process of diagnosis is 

quickened. Considering table 2 and comparing the previous 

methods with the method proposed in this article, we 

noticed the improvement in emotion detection 

performance. 

The signals were examined in EEGlab after feature 

extraction, and, about the signals obtained and the power 

of detecting emotions in these signals, the accuracy of 

detecting happiness and sadness for each of the 10 

individuals was shown in table 3. 

According to the obtained table and the classification 

accuracy for each feeling, classification accuracy of 

88.73% was obtained for happiness and 86.31% was 

obtained for sadness. 

 

 

 

 
Table 2: Results obtained from DT classifier 

5 4 3 2 1 
Emotio

n 

84.89

% 

87.28

% 
81.8% 

87.19

% 

90.66

% 
Sad 

86.36

% 

90.33

% 

83.98

% 

89.22

% 
93.3% Happy 

 

10 9 8 7 6 Emotion 

79.8% 85.79% 84.68% 90.32% 90.69% Sad 

80.45% 89.74% 89.76% 93.67% 90.54% Happy 

 

 
Table 3: Classification accuracy in SVM and DT methods 

accuracy 
classificatio

n 

Feature 

selectio

n 

emotion 
Sad Happy 

86.35

% 

83.33

% 
SVM LDA 

Rafael 

Ramire

z at al 

75.4% 
75.21

% 
SVM 

KNN-

HCNN 

Li 

zhank 

at al 

86.31

% 

88.73

% 
DT 

PCA-

PSD 

This 

method 

 

 

According to the table obtained and comparison of 

previous methods, using the method proposed in this 

research, happiness was improved by 5.4% and the same 

percentage was achieved for sadness. signals of sadness, 

due to being close to neutral states, are more difficult to 

identify than positive emotional states. 

 

5.Conclusion 

In this paper, we have proposed EEG based emotion 

recognition methodology for two emotional states, sadness 

and happiness. According to the type of records of each 

signal and the importance of feature extraction and 

classification in EEG signals using the feature learning 

methods and selecting two methods of PCA and PCD to 

reduce the dimension and classification of each signal with 

a two-category classification for feelings of happiness and 

sadness. Using the Decision Tree classifier for each 

category has been classified and improvement of each 

category. Feelings based on a face detection Unable to 

identify, in this paper, only two emotions and on the 10 

persons with happy and sad images that had been labeled 

by 10 other people, have been investigated. After pre-

processing and processing and appropriate classification, 

88.73% improvement was obtained for happiness and 

86.31% of improvement was achieved for emotion 

recognition.  The number of electrodes was reduced to 6 

electrodes and only the alpha wave has been used for this 

experiment. The number of emotions can be changed, and 

the number of electrodes can be less and in other parts. 
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